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ABSTRACT

Textual cohesion is an essential aspect of a formally written text,
related to linguistic mechanisms that connect elements such as
words, sentences, and paragraphs. Several studies have proposed
approaches to estimate textual cohesion in essays automatically.
There is limited research that aims to study the extent to which
the use of machine learning approaches can predict the textual
cohesion of essays written in different languages (not just Eng-
lish). This paper reports on the findings of a study that aimed to
propose and evaluate approaches that automatically estimate the
cohesion of essays in Portuguese and English. The study proposed
regression-based models grounded in conventional feature-based
machine learning methods and deep learning-based pre-trained
language models. The study also examined the explainability of
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automated approaches to scrutinize their predictions. We analyzed
two datasets composed of 4,570 (Portuguese) and 7,101 (English)
essays. The results demonstrate that a deep learning-based model
achieved the best performance on both datasets with a moderate
Pearson correlation with human-rated cohesion scores. However,
the explainability of the automatic cohesion estimations based on
conventional machine learning models offered a stronger potential
than that of the deep learning model.
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1 INTRODUCTION

Essay writing is considered an essential learning task in many sub-
jects at different levels of education [30]. By offering essay writing
tasks, educators provide students with opportunities to learn how
to organize, integrate, support, and effectively communicate their
ideas in writing [46]. In addition, many educators utilize essay writ-
ing tasks as an assessment tool [4], because the texts produced may
reveal student proficiency in different writing components, e.g.,
knowledge of grammar, use of vocabulary, genre-based text organi-
zation, and cohesion. Given its potential to support assessment, the
essay writing task has been included in the entrance examination
procedure to facilitate the selection of prospective students at many
universities [17].

Manual evaluation of student entrance essays is a time-consuming
and often subjective effort, e.g., human assessors who are biased
towards a particular topic discussed in the essay may introduce
inconsistencies to scoring. Developing systems that can automati-
cally evaluate and score student essays [16, 39] based on the scoring
rubric may help address the time demands and consistency chal-
lenges in the essay assessment. Moreover, by analyzing linguistic
features in student essays, these systems may identify valuable
information about writing mistakes that can diminish essay scores
(e.g., insufficient use of connectives and synonyms). Then, these sys-
tems may help educators to modify writing instruction in secondary
school classes (e.g., revise the strategies for formative feedback to in-
clude those aspects of writing that should be improved). Researchers
have developed several tools for automated writing evaluation, e.g.,
[8, 23]. Although these tools have demonstrated potential to sup-
port students in different writing tasks, a writing analytics tool that
can automatically evaluate and score dissertative-argumentative
entrance essays is yet to be developed.

This paper reports on the initial steps we made toward creating
such a tool. The first goal of our study was to examine the extent to
which computational approaches can be used to accurately estimate
a score for essay cohesion. Cohesion is one of the five parts in the
essay scoring rubric that contributes to an overall essay score in the
Brazilian college entrance exam. It is also common in scoring rubrics
for many other essay tasks administered for different purposes and
in different languages. Cohesion represents a fundamental property
of a text, as well-written texts should communicate concepts and
ideas to readers in a connected and coherent way [9]. Since text
cohesion is typically a complex construct involving different cohe-
sive devices (e.g., rhetorical connectives and anaphora) explicitly
and implicitly, it has traditionally been considered challenging to
compute. The approaches proposed in computational linguistics
have been considered potent towards obtaining cohesion measures
in a consistent and scalable way [18].

To date, researchers have computed and examined different co-
hesive features from essay texts, mostly written in English [11],
and rarely in other languages, including Portuguese [19]. To our
knowledge, studies cross-examining cohesion in essays written
in two or more languages are yet to be conducted. In their anal-
yses to date, researchers have mainly utilized approaches based
on correlation and regression. These approaches led to findings
that have largely advanced scholarly understanding of the relation-
ships between computationally extracted features of cohesion and
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human ratings of essay cohesion [9, 10, 12, 32], and also between
computationally extracted features of cohesion and overall essay
quality [12, 28, 33, 41]. However, the findings have indicated the
inconsistent effects of essay cohesion on essay scores in different
writing tasks and populations of students. They have also demon-
strated that some features that significantly correlated with human
ratings of essay cohesion were not directly indicative of cohesion.
These features were originally designed to measure other aspects
of writing, such as the number of words in a sentence and lexical
diversity. Prior research thus calls for a further investigation of
essay cohesion (1) by using more comprehensive feature sets that
include cohesive and non-cohesive features (2) extracted from es-
says written in different languages to increase generalisability, (3)
harnessing state-of-the-art data analytic techniques (e.g., machine
and deep learning methods) to accurately predict human ratings
of essay cohesion from the features observed, and (4) examining
important features of writing that predict essay cohesion, which
may inform future targeted interventions to support essay writing.

Accordingly, in the present study, we computed an extensive
set of theory-informed linguistics features from a large sample of
student essays written in Portuguese and English. We further de-
veloped and compared the performance of 10 machine and deep
learning models to predict human ratings of essay cohesion. We
found that our best-performing conventional machine learning
model, the CatBoost Regressor, achieved a moderate Pearson cor-
relation with the cohesion scores assigned by human raters in the
essays written in Portuguese and English. Second, we also found
that our deep learning model, BERT, was able to estimate cohe-
sion scores with a moderate and strong Pearson correlation in the
Portuguese and English databases, respectively. Last, we utilized
methods of explainable artificial intelligence to examine and inter-
pret important features in the best-performing models. We found
that features measuring lexical diversity and word incidence (e.g.,
adjectives and adverbial phrases) and features representing psy-
chological processes were predictive of the cohesion score in the
essays written in both languages we analyzed.

2 BACKGROUND
2.1 Cohesion in Student Essays

Cohesion is a textual characteristic that describes how the ideas
communicated within the text are held together, and, as such, cohe-
sion is commonly considered an important aspect of writing [11].
Cohesive devices (i.e., specific words, phrases, and sentences) form
links among the concepts in the text. By using these devices, the
author may be able to more explicitly convey their ideas in writing
and thus guide the reader to correctly interpret and connect the
author’s ideas into a coherent mental model (e.g., an argument that
contains a set of well-connected claims supported by evidence in an
argumentative essay) [18]. Improving the essay cohesion, in turn,
has been expected to benefit an overall essay quality in different
writing tasks [11]. For this reason, following the advancements
in computational text analysis over the past few decades, many
educational researchers have opted to compute cohesive features
of student writing and used these features to predict essay perfor-
mance (e.g., [13, 28, 33, 41]).
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Even though it has been expected that the presence of cohesive
features in an essay would boost the essay quality, the researchers
have documented inconsistent effects of essay cohesion on essay
quality across different writing tasks and student populations. For
instance, MacArthur et al. [28] found that referential cohesion (i.e.,
the presence of links between sentences) was positively related to
the quality of argumentative essays written by university students
in developmental writing classes. In contrast, Perin and Lauterbach
[41] documented a negative association between referential cohe-
sion and the quality of persuasive essays written by college students
in developmental writing classes. Further, Crossley and McNamara
[13] found that positive effects of cohesion computed locally (e.g.,
as lemma overlap between sentences and content word frequency
by sentence) and globally (e.g., lemma overlap between paragraphs)
were related to increased quality of persuasive essays written by
freshmen university writers. Furthermore, McNamara et al. [33]
and Crossley et al. [12] each reported contrasting effects of different
cohesive features on essay performance. For instance, McNamara
et al. [33] found that cohesion measured at a local level (e.g., as an
overlap between sentences) was negative, and cohesion measured
at a global level (e.g., as an overlap between paragraphs) was posi-
tively associated with the quality of essays developed by university
freshmen. Crossley et al. [12] found that the average overlap of two
adjacent paragraphs was positive, and the content word overlap of
the two adjacent sentences was negatively related to the quality of
college entrance essays written by university freshmen. Moreover,
McNamara et al. [32] found no statistically significant relationship
between cohesion measures and the quality of argumentative essays
developed by undergraduate university students.

Essay cohesion is often a component of the essay scoring rubric
and contributes to an overall essay score assigned by human raters.
In this line, McNamara et al. suggest [32] that one of the reasons
for an inconsistent relationship between cohesive features and the
overall essay quality may be due to the misalignment between cohe-
sive features computed from the essay text and human judgments of
that essay’s cohesion. For example, as human raters are often skilled
readers with extensive content knowledge, they may not need all
the cohesive links in the text to form a coherent mental model of
the essay and determine the cohesion score accordingly [9, 32].
Moreover, text features other than the cohesive ones may have also
contributed to raters’ scoring of cohesion [32]. Accordingly, more
research may be needed to further scholarly understanding of how
cohesive and other textual features affect human ratings of essay
cohesion.

In a limited group of studies, researchers have examined the
relationship between computationally extracted essay features and
human ratings of essay cohesion. For example, Crossley and Mc-
Namara [9] found statistically significant and negative correlations
between anaphoric references, causal cohesion measures, frequency
of connectives and overlap measures, and human ratings of essay
cohesion. In a subsequent study [10], these authors examined the
extensive set of cohesion and non-cohesion indices. It was found
that the majority of the indices that correlated with the human
ratings of cohesion were non-cohesion indices, including text struc-
tural indices (e.g., number of word types and sentences) and lexical
sophistication (e.g., lexical diversity and word concreteness). These
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findings confirm prior expectations that features designed to mea-
sure other aspects of the text can also contribute to the human
ratings of cohesion [32]. Further, Crossley et al. [12] found that
overlap measures between adjacent paragraphs were positive, and
the verb overlap between sentences was a negative predictor of the
human scores of essay cohesion.

In these existing studies, researchers have mostly utilized cor-
relational and regression-based approaches and made important
steps toward understanding the relationship between cohesive fea-
tures and human ratings of essay cohesion. With recent advance-
ments in sophisticated statistical learning approaches (e.g., machine
and deep learning algorithms) and the increased use of these ap-
proaches in educational text analysis [47], new opportunities have
emerged for researchers to investigate and improve their under-
standing of essay cohesion. Accordingly, in the present study, we
attempted to harness machine and deep learning approaches to
develop highly accurate models that predict human scores of essay
cohesion based on cohesive and other text features. Next, we ex-
amined our best-performing predictive models to identify features
that may be strongly associated with a human-generated cohesion
score.

2.2 Machine Learning, Deep Learning and
Explainable Artificial Intelligence for Essay
Analysis

Researchers have increasingly used machine and deep learning
approaches for automated content analysis in student essays over
the past years. To date, these approaches have mainly included
traditional machine learning methods such as Support Vector Ma-
chine (SVM) [21], Random Forest (RF) [43], and XGBoost [17, 35].
Predictive models based on these methods utilized many textual
features to evaluate different aspects of essay writing. For exam-
ple, Hughes et al. [21] computed structural features in a text (e.g.,
positions of words) to detect causal relations and concepts in ex-
planatory essays. Rakovié et al. [43] computed rhetorical (e.g., the
occurrence of connectives) and content (e.g., the semantic overlap
between a sentence and source text) features to predict sentences
that transform source information in argumentative essays. Fer-
reira Mello et al. [17] extracted a comprehensive set of linguistic
features (e.g., LIWC [40] and Coh-Metrix [34] indices) to develop
machine learning models that predicted the presence of rhetorical
categories in college entrance essays.

Recently, researchers have begun utilizing deep learning meth-
ods for automated evaluation of student writing. Deep learning
algorithms are based on many interconnected neural networks
and have been considered an advanced approach in data analytic
tasks in different domains [25], including educational research [50].
Whereas predictive models based on deep learning have been shown
to generally outperform traditional machine learning models in
analyzing student forum posts [47], the use of these models to eval-
uate student essays remains limited. As a more recent example,
Rakovi¢ et al. [42] developed a deep learning classifier based on
the pre-trained language model Legal BERT [7]. The classifier cor-
rectly identified more than 86% of rhetorical moves in the legal case
note essays written by law students and outperformed traditional
machine learning models developed for the same purpose.
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The studies mentioned earlier, taken together, have demonstrated
the potential of using machine and deep learning methods to auto-
matically and accurately analyze different aspects of student writing
based on linguistic features extracted from essays. For this reason,
we elected to develop multiple machine and deep learning models
in the present study and examine whether those models can accu-
rately predict the essay cohesion score. Thus, our first goal in the
current study was to automate the evaluation of essay cohesion.

Researchers often need to explain the prediction output of their
predictive models, such as to differentiate between more and less
important features in predicting a particular outcome. Machine
and deep learning models can be analyzed, and their decisions
further "unpacked” and interpreted using explainable artificial in-
telligence (XAI) methods [49]. Despite the overall importance of
explainability in machine and deep learning modelling, learning
analytic researchers have yet to use the XAI methods to a larger
extent [51].

SHAP (SHapley Additive exPlanations [27]) has been used as
one of the XAI methods in learning analytics research to date. For
example, Baranyi et al. [2] applied SHAP to their predictive model
to understand factors affecting students’ graduation probability. For
an overview of other XAI methods used in educational research,
see [51]. Specifically, SHAP computes an importance value for each
feature, representing a conditional contribution of that feature to
the model prediction. Lundberg and Lee [27] demonstrated that
explanations generated by SHAP were consistent with human expla-
nations. Therefore, XAI methods can provide a detailed overview of
the most important features and their effects on outcome variables
in different predictive tasks [22]. This opened the possibility of us-
ing deep learning in diverse fields, including educational research.
With that in mind, we aimed to investigate the potential of SHAP
in the present study to reveal and interpret relationships between
individual essay features and human ratings of essay cohesion, the
second goal of our study.

2.3 Research Questions

The first goal of our study was to investigate the viability of using
machine and deep learning methods to estimate human ratings of
essay cohesion scores. To this end, we extracted an extensive set
of linguistic features proposed in prior theoretical and empirical
works [17, 18, 24, 38, 40]. The features were extracted from student
essays written in Portuguese and English, attempting to add to
prior research that appeared to lack a cross-language examination
of cohesion. Then, we utilized these features to develop ten machine
and deep learning models and compare their performance. More
formally, we posed the following research question to guide our
investigation at this stage:

RESEARCH QUESTION 1 (RQ1):

To what extent can machine/deep learning algorithms
accurately estimate human-generated scores of essay
cohesion?

The second goal of our study was to understand how individual
features affect essay cohesion scores assigned by human raters.
To this end, we utilized the SHAP method for explainable AI [27].
More formally, we asked the following research question to guide
our investigation at this stage:
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RESEARCH QUESTION 2 (RQ2):

What are the most important features predicting human-
generated scores of textual cohesion in essays written
in Portuguese and English?

3 METHOD

This study treated the analysis of textual cohesion of essays written
in Portuguese and English as a regression problem. To this end, we
evaluated two approaches (feature-based and deep learning-based)
aiming to develop models capable of estimating a numerical score
that reflects the quality of a given essay regarding the cohesion
aspect.

3.1 Data Description

We obtained two datasets of student essays written in Portuguese
and in English [29, 31]. Expert raters evaluated the essays in both
datasets, and the scoring rubrics developed for this purpose included
different criteria such as content, organization, style, and textual
cohesion. Following the goals of the present study, our analyses
focused on essay cohesion.

3.1.1 Portuguese dataset. The essay writing exam is one of Brazil’s
most important assessment components of the National High School
Exam (ENEM). Millions of prospective university students are re-
quired to write a dissertative-argumentative entrance essay on a
specific scientific, cultural, political, or social topic. The essay must
have a minimum of 8 and a maximum of 30 lines'. The Portuguese
dataset included the college entrance-level essays from the Essay-
BR corpus collected by [29]. This dataset comprised 4,570 essays,
divided into 86 topics (prompts), written between December 2015
and April 2020, following the guidelines proposed by the Brazil-
ian National Institute of Educational Studies and Research for the
ENEM exam?. The essays were extracted from the Vestibular UOL
3 and Educacio UOL* web portals.

Each essay received an overall score and individual scores for
the five competencies assessed in ENEM, including: (i) Formal
writing (lexical and syntactic aspects); (ii) Understanding of the
proposed theme; (iii) Ability to write a dissertative-argumentative
essay; (iv) Cohesion of the essay text; and (v) Ability to propose
an intervention for the problem described in the essay. For each
competence, evaluators assigned a score ranging from 0 to 200
in equal intervals of 40. A score of 0 demonstrates a complete
absence of knowledge in the competence domain, and a score of 200
demonstrates a complete mastery of a competence. We normalized
the scores on the scale to 0 and 1 to facilitate the comparison with
essay scores from the English dataset.

3.1.2  English dataset. The Automated Student Assessment Prize’s
(ASAP) dataset is commonly adopted in literature to train and
evaluate automated essay scoring systems [31]. This dataset com-
prises approximately 13,000 essays written in English by 7th-10th
grade students following eight prompts. Overall, each essay is ap-
proximately 150 to 550 words on average. Only essays from two

Lhttps://www.gov.br/inep/pt-br/areas-de-atuacao/avaliacao-e-exames-
educacionais/enem

https://www.gov.br/inep
Shttps://vestibular.brasilescola.uol.com.br/banco-de-redacoes
*https://educacao.uol.com.br/bancoderedacoes /
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prompts have individual scores in different aspects, such as content,
organization, style, and others. Mathias and Bhattacharyya [31]
introduced the ASAP++ dataset, which expands the original ASAP
with new annotations to the six prompts that originally only had
the general grade score. The essays were scored by expert raters
with high competence in English, measured by the scores those
raters obtained in high-school English subjects (90% or more) or
the TOEFL examination (110 points or more). The original scores
attributed by the expert raters range between 0 and 4. However,
we normalize the values to a scale of 0 to 1 to facilitate comparison
with the Portuguese dataset. This corpus has three essay genres:
Argumentative/Persuasive, Source-Dependent Responses, and Nar-
ratives.

Among all the essays in the English dataset, we observed that
only Source-Dependent Responses were assigned a score for textual
cohesion. For this reason, we included the essays of this genre in our
analysis. In particular, students who wrote the Source-Dependent
Response essays were required to respond to specific questions
related to a source text they read, e.g., "Explain the author’s position
regarding the incident they described in the text.". Each essay was
scored following the 4-part scoring rubric: (i) Content: relevance of
the content; (ii) Prompt Adherence: evaluate if the writer answered
the question asked; (iii) Language: analysis of grammar and spelling
mistakes; (iv) Narrativity: a measure of the cohesion in the text.
We thus gathered and analyzed 7,101 Source-Dependent Response
essays. Unfortunately, the paper’s authors did not provide details
about how the final score was assigned for each essay [31].

3.1.3  Statistics of the datasets. In Table 1, we present descriptive
statistics about the Portuguese (Essay-BR) and English (ASAP++)
datasets, including cohesion scores, the total number of essays, and
the mean/standard deviation of sentences and words per essay.

Although the cohesion scores in the datasets adopted for the
study were discrete (see Table 1), we decided to explore regression
models instead of classifiers. We made this decision based on the
literature that treats text cohesion analysis and even essay-scoring
systems as regression problems [44]. Therefore, to be consistent
with the previous studies, we followed the same approach (e.g.,
validation process and measures used) [38].

3.2 Feature-based Approach

To answer our RQs, we computed a comprehensive set of language-
independent features that have typically been adopted in educa-
tional text mining and learning analytics research (for an overview,
see [47]). For example, some of these features have been previously
used to analyze the rhetorical structure of essays [17, 43], auto-
matically score essays [44], analyze online discussions [35], and
automatically assess feedback quality [37]. In total, we extracted 183
features describing the Portuguese essays and 208 features describ-
ing the English essays. We describe the features in the following
subsections.

3.2.1 Coh-Metrix. The Coh-Metrix set of linguistic indicators [18,
34] includes several features associated with text cohesion (argu-
ment overlap), linguistic complexity (based on syntactic tree struc-
tures), text readability (Flesch reading ease), and lexical diversity
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(type-token ratio). In the present analysis, we adopted the Por-
tuguese version of Coh-Metrix proposed in [5] and the English
version proposed in [34].

3.2.2 LIWC. In addition to the features provided by Coh-Metrix,
we computed the features proposed in the Linguistic Inquiry Word
Count (LIWC) dictionary, which includes several indicators related
to grammatical, psychological, and social processes that can be
inferred from a textual document [52]. We employed the LIWC
2015 [1] and LIWC 2007 [6] versions for English and Portuguese,
respectively. The English version of the dictionary adopted here
has 93 features, and the Portuguese version has 64 features.

3.2.3 Lexical Diversity. The lexical diversity measures indicate
how diverse the vocabulary is in each essay. These measures are
computed as the ratio between the frequency of different types
of words (e.g., nouns, verbs, adjectives, adverbs, and pronouns).
Besides, the following three indexes were computed based on the
work of Palma and Atkinson [38]: Hapax Legomena, Yule’s K, and
Guiraud’s Index. These indexes complement the previous attributes,
as they are computed based on the words and their frequencies
without considering their part of speech. In total, 15 lexical diversity
features were extracted for Portuguese and English essays.

3.24 Legibility. The features in this group measure text readability,
including indicators that consider aspects such as the number of
syllables, word complexity, and the number of characters. For this,
the following five attributes were computed [38]: Syllable mean per
word, Flesch Reading Ease, Gunning Fog Index, Word Variation Index,
and Automated Readability Index.

3.2.5 Sentence Overlap. Eight sentence overlap indices were ex-
tracted to measure referential cohesion in the text. Six features
were extracted using the entities grid model that seeks to capture
the local cohesion of a text [24]. The intuition of this model is that
entities (noun phrases) shared by subsequent sentences contribute
to the local cohesion of a text. Thus, the more entities shared be-
tween adjacent sentences, the better the local cohesion is. Finally,
we calculated the average unigram and cosine similarity between
adjacent sentences using the Term Frequency—Inverse Document
Frequency (TF-IDF) approach.

3.26 Others. The attributes of this group reflect other, more gen-
eral aspects of the essays. The following four features were ex-
tracted: (i) Total number of sentences; (ii) Total words classified as
stop words; (iii) Total number of words; and (iv) Mean words per
sentence.

3.3 BERT-based Approach

Recently, learning analytics researchers have begun using pre-
trained language models — Bidirectional Encoder Representations
from Transformers (BERT) and Generative Pre-trained Transform-
ers (GPT) - to generate features for different tasks, including clas-
sification and natural text generation [26]. These models are pre-
trained on large collections of textual data. Following the increase
in computational power and the emergence of the Transformer
architecture [54], the use of pre-trained language models has led to
a state-of-the-art performance in many tasks [26].
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Table 1: Descriptive statistics of the Portuguese (Essay-BR) and English (ASAP++) essay datasets.

Dataset  Cohesion score #Essay Mean Sentences Mean Words

Essay-BR 0.00 134 8.80 (3.96)  216.16 (64.39)
0.20 61 9.93(4.07)  219.62 (88.75)

0.40 590 10.63 (5.67)  244.32 (90.29)

0.60 2,000  11.90 (4.87) 28538 (78.78)

0.80 1,241 13.37(419)  325.44(70.10)

1.00 544 13.92 (4.57)  337.53 (68.21)

Overall 4570  11.26 (4.90)  294.26 (83.55)

ASAP++ 0.00 1,038 279 (1.71)  51.55 (27.28)
0.25 1,843 547 (2.71)  97.89 (43.45)

0.50 2,862 7.39(2.92)  134.61 (47.32)

0.75 1,205 9.12 (2.86)  173.26 (47.44)

1.00 153 11.03 (3.61)  218.73 (57.20)

Overall 7,101 6.59(341)  121.31(59.51)

Motivated by the recent promising results, we investigated the
viability of using the pre-trained language models in the present
study, in addition to the feature set we previously extracted fol-
lowing traditional extraction approaches. Specifically, we opted to
apply the (BERT) language model [14] to our essay datasets. BERT is
a contextual language model that consists of a deep neural network
with bidirectional processing. This model can generate embeddings
that vary according to the semantic context within which a word
occurred, i.e., BERT is sensitive to variations of meaning across
texts [14]. Using BERT, we obtained contextual representation of
words in our essay datasets, i.e., we obtained features in the form
of word embeddings. Then, these features were provided as input
to a feed-forward neural network that estimates a cohesion score
for an essay.

3.4 Model Selection and Evaluation

To address research question RQ1, we trained and evaluated the
performance of different traditional regression algorithms using
the features described in Section 3.2. The algorithms were trained
to estimate the text cohesion scores of essays written in Portuguese
and English, i.e., essays in the Essay-BR and ASAP++ datasets, re-
spectively. For this prediction task, we chose algorithms from differ-
ent mathematical origins, including regression-based approaches,
decision trees, classical neural networks, Bayesian models, and en-
sembles. Ten algorithms were implemented using the scikit-learn
library®, except for the XGB Regressor® and CatBoost Regressor’,
which use gradient boosting on decision trees, and LGBM Regres-
sor® algorithms. We utilized the default tuning parameters set in
the libraries for all the algorithms.

Shttps://scikit-learn.org/
®https://github.com/dmlc/xgboost/
"https://catboost.ai/
8https://github.com/Microsoft/Light GBM/
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In addition to the traditional regression algorithms, we adopted
a BERT-based regression algorithm using a publicly available trans-
formers toolkit®. To fine-tune this algorithm, we applied the learn-
ing rate scheduler without warm-up, followed by linear decay of
the learning rate across the training steps. We used the BERTimbau
Base Cased [48] and the original BERT base cased [14] implemen-
tation for Portuguese and English, respectively. The fine-tuning
process ran from 1 to 20 epochs evaluating different outcomes. In
each epoch, the algorithm run validation every 100 steps at a learn-
ing rate of 5 * 107°. Then, the tuned BERT model was evaluated on
the testing set.

We adopted the evaluation process recommended in the litera-
ture [15] to compare the results of the regression models (feature-
based and BERT-based). As the number of examples in the eval-
uated datasets is relatively small, we adopted a 5-fold Stratified
Cross-Validation as an evaluation methodology for data sampling
in combination with the following measures: Pearson correlation,
Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE).
The RMSE and MAE error measures were computed using the
scikit-learn library, and Pearson’s correlation was calculated using
the SciPy library'?. Our interpretation of the Pearson correlation
follows the guidelines presented in [45], which indicates that: (i)
0 value represents no linear relationship; (ii) the values +1 and -1
indicate a perfect positive or negative relationship, respectively;
(iii) values between 0 and 0.3 (0 and -0.3) indicate a weak positive
(or negative) relationship; (iv) values between 0.3 and 0.7 (-0.3 and
-0.7) suggest a moderately positive or negative correlation; and (v)
values between 0.7 and 1.0 (-0.7 and -1.0) are considered strong
positive or negative correlations.

“https://github.com/huggingface/transformers
WOhttps://scipy.org/
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3.5 Feature Importance

To address research question RQ2, we explored the Shapley Additive
exPlanations (SHAP) [27] methods for machine learning explain-
ability models to provide insights into the most important features
for the predictions made by the models investigated (feature-based
and BERT-based). SHAP values can be computed from a group
(more generic) or single (focused on a specific outcome) instance
and can be explored to analyze the importance and impact of at-
tributes used in traditional machine learning and deep learning
models.

More specifically, we performed a three-step process to answer
RQ2. The first two steps were related to the feature-based approach
combined with the traditional regression models. First, we com-
puted a group analysis of the SHAP values. Thus, we applied SHAP
for each test set generated during the 5-fold Stratified Cross Valida-
tion (see Section 3.4 for details), and then we obtained the mean of
the feature’s importance for each interaction. Second, we analyzed
the most relevant features for two essay predictions, one from each
dataset (Essay-BR and ASAP++). The second investigation could
provide specific information to support student feedback as the
feature importance is extracted from the essay of a specific student.

The last step in the feature importance analysis was the applica-
tion of SHAP for the BERT-based model. As BERT is based on words,
not general indicators, we only computed the word importance
focused on a specific essay (single prediction). The same essays
selected in the feature-based approach were used in the approach
using BERT to allow a comparison between the two approaches.

4 RESULTS

4.1 RQ1: To what extent can machine/deep
learning algorithms accurately estimate
human-generated scores of essay cohesion?

Table 2 presents RMSE, MAE, and Pearson correlation scores ob-
tained by conventional machine learning algorithms considered in
our study. The CatBoost Regressor was the best-performing model
on the ASAP++ dataset, achieving an RMSE value of less than 0.16.
In the Essay-BR dataset, CatBoost Regressor and Bayesian Ridge
presented the best results with an RMSE of nearly 0.18. We se-
lected the CatBoost Regressor as the best model identified in the
performed experiments. The average cohesion scores in the English
and Portuguese essay datasets were 0.415 and 0.653, respectively.
The estimated error percentage for the best-performing model on
these datasets was 38.07% and 27.41%, respectively.

The Pearson correlation of approximately 0.77 and 0.53 obtained
by CatBoost Regressor on the ASAP++ and Essay-BR datasets indi-
cate moderate to strong positive correlations between computer-
and human-generated cohesion scores for essays written in Eng-
lish and Portuguese. Overall, the results suggest that the cohesion
scores estimated by the best-performing traditional machine learn-
ing algorithm in our study tend to provide a considerably accurate
estimation of human-generated cohesion scores in both datasets.

Next, we evaluated the performance of the BERT-based deep
learning model in estimating the essay cohesion score. Table 3
shows the performance metrics (RMSE, MAE, and Person corre-
lation) that this model achieved across multiple epochs. On the
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Essay-BR dataset, the BERT-based model with 20 epochs achieved
the best performance according to all the metrics. On the ASAP++
dataset, the BERT-based model with one epoch achieved the best
performance according to all the metrics except for MAE, as the best
MAE value was reached after 20 epochs. We note that the BERT-
based model outperformed all the conventional machine learning
models we analyzed in this study.

4.2 RQ2: What are the most important features
predicting human-generated scores of
textual cohesion in essays written in
Portuguese and English?

To answer research question RQ2, we analyzed the most relevant
features in both Essay-BR and ASAP++ datasets using the CatBoost
Regressor, our study’s best-performing conventional machine learn-
ing model. Following the process described in Section 3.5, we per-
formed a two-step analysis for the traditional regression models.
Figure 1 presents an overview of the mean SHAP values of the top
15 features based on their importance for the CatBoost Regressor
predictions for each test set generated during the 5-fold stratified
cross-validation on Essay-BR and ASAP++, respectively. Figure 1a
shows that Hapax Legomena - i.e., the number of lemmatized words
that occur only once in the essay — was the most relevant feature
for the Essay-BR database. In particular, the graph indicates that
essays with a high Hapax Legomena value were likely to receive
high cohesion scores. The effect of the CM.drgerund feature was
the opposite, i.e., essays that contained many verbs in the gerund
tended to receive lower cohesion scores.

Figure 1b shows that LIWC.wc - the feature representing the
word count computed by the LIWC - was identified as the most
relevant feature for the essays in the ASAP++ dataset. Essays with
more words hence tended to have high cohesion scores. Except for
the Total Tokens, Total Stopwords and Gunning Fog Index features,
all other features identified as important were extracted from LIWC
and Coh-Metrix groups, which confirms the importance of these
groups of features in understanding student essays, including their
cohesion quality.

In the second step of this analysis, we assessed the most im-
portant features of individual essays. Figure 2a presents the SHAP
values to explain the impact (positive or negative) of the features on
a single cohesion score prediction in an essay extract from Essay-BR.
The color in the figure indicates whether the final score increased
(red) or decreased (blue). In the selected Essay-BR example, the
final prediction was 0.699 (the actual score is 0.6). We also note
that the effects of some features in the individual analysis did not
necessarily match the effects of those same features in the general
analysis (Figure 1a). However, it is possible to see that the Hapax
Legomena (i.e., the most important feature in the general analysis)
was also considered influential with a positive impact on estimating
the final score of this specific essay in the individual analysis. On
the other hand, the LIWC.ingest (i.e., words related to the ingestion
of food) was selected as the most important feature with a nega-
tive impact in this case. Regarding the ASAP++ example (Figure
2b), the model estimated the cohesion score for that essay to be
0.425. The real value, however, was 0.25. The CM.wrdpro (i.e., the
incidence of personal pronouns per 1000 words.) was the feature
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Table 2: Performance of the traditional machine learning models in estimating essay cohesion score on the Essay-BR and

ASAP++ datasets.

Essay-BR ASAP++
Algorithms
RMSE MAE P RMSE MAE P
AdaBoost 0.194  0.151  0.475 0.181  0.151  0.702
Bayesian Ridge 0.179  0.134 0.536 0.161  0.128  0.760
CatBoost Regressor 0.179 0.134 0.536 0.158 0.126 0.770
Extremely Randomized Trees 0.180  0.135  0.531 0.161  0.128  0.760
Gradient Boosting 0.185  0.139  0.508 0.163  0.130  0.754
LGBM Regressor 0.181  0.137  0.523 0.160  0.127  0.765
Linear Regression 0.180  0.136  0.533 0.161  0.128  0.760
MLP 0.192 0.146  0.491 0.182 0.144  0.712
Random Forest 0.180  0.136  0.526 0.162  0.129  0.758
XGB Regressor 0.192  0.145  0.464 0.170  0.134  0.732
High High
Hapax Legomena LIWC.wc
LIWC.preps CM.drap
LIWC.achieve Total Tokens

Lexical Diversity MTLD
CM.despc2

CM.deswc
CM.synstrutt
ratio_propn
LIWC.family
CM.wrdfamc

CM.drgerund

Feature value

POS Dissimilarity
CM.wrdnoun
CM.deswlitd

CM.cncall
LIWC.ingest
CM.despld
CM.wrdmeac
CM.wrdaoac

Total Sentences

~0.05 0.00 0.05
Mean SHAP values

-0.10

(a) Essay-BR

CM.wrdadj
LIWC.comma
CM.wrdpro
CM.deswc
LIWC.affiliation
CM.deswlsy
LIWC.affect

LIWC.shehe

Feature value

CM.smcauswn
CM.deswlsyd
Total Stopwords

LIWC.home

LIWC.otherp

LIWC.sad -
CM.despl omm—
Gunning Fog Index

LIWC.drives

Low
—0.06 —0.04 —0.02 0.00 0.02 0.04 0.06

Mean SHAP values

(b) ASAP++

Figure 1: Mean SHAP values of the group feature analysis from (a) Essay-BR and (b) ASAP++ based on CatBoost Regressor
predictions for each test set generated during the 5-fold stratified cross-validation.

that had the most significant positive impact on estimating the
final grade, whereas three features extracted from the LIWC dictio-
nary (LIWC.shehe, LIWC.differ and LIWC.affec) showed the greatest
negative influence.

Finally, the last step of the features importance analysis was
assessing the BERT outcome. Figure 3 shows the real and predicted
values for the text cohesion score of each essay. The words that
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positively impacted the final prediction are highlighted in green,
whereas those that negatively impacted the final prediction are
highlighted in red. The figures show excerpts of the essays written
in Portuguese and English. In contrast to the previous analysis
(Figure 2), Figure 3 is focused on assessing the importance of the
words in the text to predict textual cohesion.
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fix)=0.699 fix)=0.425

0.547 = LIWC.ingest 0.405 = CM.wrdpro

0.473 = Hapax Legomena 0.364 = Total Tokens

0.052 = CM.cncall . +0.01 0.335 = LIWC.differ
0.387 = LIWC.preps B o 0 = LIWC.shehe
0303 = CM.deswc B» oo 0.035 = LIWC.affect
0.537 = CM.deswlsyd . +0.01 0.346 = CM.wrdadj
0.395 = LIWC.motion ~ ~0.01 . 0.364 = CM.deswc

0.457 = CM.deswlitd B oo 0.394 = CM.drap
0.313 = POS Dissimilarity . +0.01 0 = LIWC.power
0.087 = cm.arinf ~0.01 (] 0.053 = LIWC.time

0 = CM.cncconclu —-0.01 . = CM.smcauswn

0.317 = CM.wrdnoun ' +0.01 0.313 = LIWC.discrep

0.397 = ratio_adv ~ —0.01 . 0.586 = CM.deswlsyd

0.091 = CM.despc2 . +0.01 0.222 = CM.wrdnoun

169 other features 194 other features —-0.01 -

66 0.68 0.70 0.72 038 039 040 041 042 0.43
=0.65 E[fiX)] =0.415

"o
E[fX)]
(a) Essay-BR (b) ASAP++
Figure 2: Features impact on the prediction of a single essay based on SHAP values using CatBoost Regressor. The red and blue

colours represent a positive and negative influence in the final score, respectively.

Legend: B Negative [ Neutral @ Positive

True Grade Plg;iaigteed Word Importance
[CLS] Em 2018, o Brasil encontrou - se em uma elei¢cdo presidencial
extrem ##ista , em que as ideologia ##s dos candidatos foram
totalmente contr ##4érias entre si . Neste contexto , a discussdo sobre
a “ onda conservadora ” no pais foi leva ##ntada , juntamente com as
0.6 0.70 questdes morais da massa populacional , que , vis ##lu ##mbra

##ndo a decisdo dentre os extremos , tomou partido em questoes
como , a pena de morte , prisdo perpé ##tua , casamento homossexual
e tantas outras polémica ##s , que anteriormente nédo eram leva

##ntadas com tanta frequéncia . Segundo [SEP]

(a) Essay-BR

Legend: B Negative [] Neutral @ Positive

True Grade Predicted

Grade Word Importance

[CLS] The features of the setting affect the cyclist in two way .
This ways are p ##ys ##ical and mental . The p ##ys ##ical
ways that features affect cyclist is the terrain . If the roads are
long and wired ##y , this could wear the cyclist out . They could

0.25 0.43 also become physically tired if the in ##cline of the hill is to
steep . When its you against gravity , it can be e ##gau ##sting .
The temperature can also be a c ##rus ##al factor in a cyclist p
##ys ##ical ability . Nobody want to feel like their in a sa ##una
when they are bike riding . The cyclist and [SEP]

(b) ASAP++

Figure 3: Features importance based on SHAP values using BERT. The green and red colors represent a positive and negative
influence in the final score, respectively.

5 DISCUSSION connected into a coherent whole. With this in mind, researchers
developed several computational approaches, e.g., [12, 18], as an at-

Cohesion is considered one of the most important characteristics of
tempt to automate the evaluation of cohesion in student essays and

well-written essays [11], as it ensures that the ideas in the text are
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Table 3: Performance of the BERT-based deep learning model
in predicting essay cohesion score on Essay-BR and ASAP++
datasets.

Essay-BR ASAP++
Epochs
RMSE MAE P RMSE MAE P
1 0.169 0.122  0.641 0.149 0.119  0.804
5 0.165  0.119  0.658 0.156  0.123  0.794
10 0.167  0.121  0.656 0.156  0.122  0.797
15 0.165 0.118  0.666 0.159  0.121  0.791
20 0.164 0.117 0.670 0.160 0.115 0.7817

provide appropriate support to students. However, in multiple em-
pirical studies, researchers have documented inconsistent relation-
ships between computationally extracted text features and human
ratings of cohesion. To advance understanding of the association
between text features and cohesion, we extracted a comprehensive
set of theoretically supported linguistic features from essays writ-
ten in Portuguese and English, developed state-of-the-art predictive
models that estimate essay coherence, and examined features in
these models using methods in explainable artificial intelligence.

The deep learning model based on BERT outperformed the con-
ventional machine learning models in estimating the cohesion score
for the essays written in both languages. We expected this result, as
prior literature suggests that deep learning models generally tend
to outperform traditional machine learning models in analyzing
educational texts [25, 50]. On the other hand, CatBoost Regressor,
our study’s best-performing conventional machine learning model,
demonstrated to estimate the cohesion scores with a moderate
positive Pearson correlation in the essays written in Portuguese
and English. Given that (1) the BERT model relies upon content-
dependent features, i.e., features driven by the essay text and not by
theory, unlike e.g., Coh-Metrix and LIWC features, and (2) the con-
ventional machine learning regressor in our study demonstrated
an attractive prediction accuracy, we posit the conventional model
may be a more viable solution to automate coherence scoring and
provide writing evaluation to students based on text-independent
and theoretically supported features it was trained on.

Among the essays written in Portuguese, human raters tended to
assign higher cohesion scores to dissertative-argumentative essays
that were lexically more diverse. This finding challenges commonly
adopted views on text coherence. More specifically, as lexical repeti-
tion (e.g., reusing the same words and phrases throughout the text)
is theorized to contribute to text cohesion [53], it may be expected
that the increase of lexical diversity of a text may be related to
decrease of text cohesion. The unexpected results from our anal-
ysis may indicate that human raters who scored Brazilian college
entrance essays were experts in the essay genre and topics and,
as such, they did not rely on rhetorical signals for cohesion (e.g.,
rhetorical connectives) to mentally create a coherent picture of an
essay argument, which, in turn, aligns with the position in [32].

Among the essays written in English, human raters tended to
provide higher cohesion scores to longer submissions, as indicated
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by two of the most important features in this dataset, i.e., the word
count measured by LIWC and the total number of tokens in the
essay. Given that in this writing task, students were required to de-
scribe the situation from an assigned source article, this finding may
indicate that students who wrote longer texts were more successful
in coherently describing the situation than their counterparts. In
other words, writing longer texts may provide students with more
opportunities to develop cohesive ties within those texts [20]. The
higher presence of adjectives and adverbial phrases was also related
to higher scores for cohesion. As these types of words additionally
describe properties of noun and verb phrases, respectively [18],
we posit those may have contributed to creating coherent story
source-dependent essays. This hypothesis should be investigated
in future research.

6 LIMITATIONS AND DIRECTIONS FOR
FUTURE RESEARCH

We acknowledge the following limitations of the study. First, al-
though we have explored a wide range of traditional machine learn-
ing algorithms and a deep learning language model, we have not
explored methods related to parameter tuning and data balancing.
These methods could improve the outcome of the algorithms. In
future works, we intend to explore methods proposed in previous
works [3, 36]. Second, the data used in the evaluation comprised
different characteristics, language (Portuguese and English), level
of education (high school and secondary/mid-school students), an
average of words per essay (294.26 and 121.31 for the Portuguese
and English data, respectively), topics and tasks. It indicates the
potential of the proposed approach in terms of generalizability.
However, we have not performed a specific analysis to evaluate this
issue. We intend, as future work, to perform a detailed assessment
to measure the generalizability of our approach. Finally, this study
did not intend to analyze the practical application of the proposed
method. It would include the development of a learning analytics
tool and assessing instructors’ and students’ satisfaction based on
the output of our method. We intend to develop such a tool for
future line research.
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